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ABSTRACT
The purposes of the study were to 1) build a model to predict scoring average for a total 
sample of professional (n = 82) and collegiate (n = 41) golfers using stepwise regression, 
2) test the model on the samples independently using hierarchical regression, and 3); 
examine the significance in performance differences in the two subsamples. Both samples 
played two tournament rounds at the South Course of Angus Glen Golf Club; the 
professionals during the 2002 PGA tour Canadian Open and the collegians during the 
2010 OUA championship. For the total sample, GIR percentage, putts per round, 
scrambling percentage and driving accuracy percentage predicted 92% of the variance in 
scoring average; for professionals and collegians the only the former three performance 
measures accounted for explained variance for scoring average (80% and 81% 
respectively). Professionals were significantly superior to the collegians in all four 
performance indices as well as scoring average.
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The statistical analysis of sport is pervasive in current popular culture from ' 
Fantasy Football, where individuals select a roster of players and collect points based on 
their performances, to Moneyball (2004), a best-selling book and movie about the 
statistical analysis of baseball performance. The goal of most statistical analysis in sport 
is to provide detailed information about an individual or,team’s performance in specific 
areas so that improvements can be made and more successful individual and/or team 
performance will result in the future.
The sport of golf is no exception—it has a rich tradition of statistical performance 
analysis. Cochran and Stobbs (1968) were the first to attempt an in-deptFanalysis of golf 
but struggled to obtain detailed information due to a lack of volunteers to collect the data. 
'n However, since the Cochran and Stobbs study, performance analysis in golf has evolved 
rapidly due to increased resources and technological revolutions. One such revolution is 
ShotLink, a Global Positioning and Laser System that permits large amounts of very 
detailed information to be recorded about every shot on the U.S. PGA (originally stood 
for Professional Golfers’ Association of America but now known simply as PGA) tour.
Although ShotLink is a more recent development (it appeared on the PGA tour 
regularly in 2002), detailed statistical analysis of golf has ranged from early work by 
Davidson and Templin (1986), who attempted to determine which components of a 
v professional golfer’s game best predicted round score, to a study by Larkey (1994) that 
provided a framework to compare golfers across eras. Statistical analysis in golf has also 
helped optimize the selection of a university golf team (Mulvey, Green, & Traub, 2002)
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and has been used to compare golfers of different skill levels (e.g., Pelz, Pelz, Evans & 
Bracey, 2008). At the root of comparisons of amateur and professional golfers has been 
the desire to determine which facets of the game (i.e., the drive, iron play, chipping, - 
putting), best distinguish between the best in the world and lesser-skilled golfers. 
Unfortunately, there are considerably fewer resources available to collect performance 
data in amateur golf. Consequently, amateur golfers have been understudied and few 
direct comparisons of amateurs and professionals have been made. Therefore, the 
ultimate purpose of the present study is to provide a greater understanding of the areas of 
a professional golfer’s game that separate them from amateurs. A detailed description of 
the purpose is discussed in greater depth following the literature review.
Professional Golf Performance Analysis
Research into issues associated with the question, “what performance criteria best 
predict performance success in professional golfers?” has produced considerable debate 
about the dependent and predictor variables used. Thus, for example, is driving accuracy 
or driving distance or total driving most appropriate? It should be possible, of course, to 
arrive at the answer statistically except that these different predictor variables produce a 
different set of conclusions when different dependent variables such as money earned, 
tour ranking, and/or average round score are selected.
Davidson and Templin (1986) initiated much of the debate when they explored 
which shot-making skills had the largest effect on average round score and prize money 
earned. Data from 119 players of the top 125 money earners during the 1983 U.S. PGA 
tour season were examined. The predictor variables included:
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• a combined measure of driving distance and driving accuracy—a measure
that would later be criticized as statistically flawed (Wiseman & 
Chatterjee, 2006), ' • •
• a measure of iron accuracy, namely the percentage of greens in regulation 
(GIR percentage; a green in regulation is achieved when a player reaches 
the green on a par 3 in 1 shot, the green on a par 4 in 2 shots and the green 
on a par 5 in 3 or less shots)
• a measure of putting proficiency, namely the average total number of 
putts on the greens per round (i.e., putts per round), and
• a measure of short game proficiency, namely the ability to successfully 
get the ball out a greenside bunker and into the hole in 2 shots or less (i.e., 
sand saves).
Davidson and Templin found that the average professional reached 64% of GIR, took 
29.5 putts per round, recovered successfully from greenside bunkers 48% of the time, and 
had an average round score of 71.8 (the driving average is not included here because of 
its flawed nature and lack of comparability with subsequent studies).
When Davidson and Templin undertook to examine what predictor variables best 
predicted scoring average and prize money obtained, they found that the distribution for 
the latter violated the assumption of normality. As a consequence, they concluded that 
scoring average was a more statistically valid dependent variable. Some subsequent 
studies carried out after Davidson and Templin continued to use prize money earned as a 
dependent variable, therefore it is important to interpret these results with caution. The
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Davidson and Templin correlation analysis showed that GIR percentage was most 
strongly correlated with scoring average (r = -.63), followed by putts per round (r = .29).
A stepwise regression analysis showed that GIR percentage was the best predictor 
of scoring average (standardized beta = -.95) followed by putts per round (standardized 
beta = .78) with the two variables accounting for just over 80% of the variance. Davidson 
and Templin were the first to show that GIR percentage had the strongest relationship 
with scoring average but recommended that their findings be confirmed in different 
and/or multiple years as well as in amateur and professional golfers.
Rotella and Boutcher (1990) sought to extend the conclusions of Davidson and 
Templin by including additional variables that might account for variance in scoring 
average (e.g., number of birdies divided by the number of greens in regulation (GIR), 
third round score, the percentage of holes where par was broken). The Rotella and 
Boutcher sample was comprised of golfers who had competed in at least 50 rounds 
during the 1987 PGA season. A regression analysis—which accounted for 86% of the 
variance in scoring average—showed that the number of GIR was the best predictor of 
scoring average followed by number of birdies divided by the number of GIR, third 
round score, total putts per round, percentage of fairways hit, and the percentage of holes 
where par was broken, accounting for 60%, 18%, 4%, 3%, .5% and .5% of the variance 
respectively.
Jones (1990) supported both the Davidson and Templin and Rotella and Boutcher 
results when he correlated a number of performance indicators for 99 of the top 100 
money winners of the 1988 PGA tour season. When variables that contributed directly to 
scoring average (e.g., fourth round score) were removed, the results showed that putts per
5
round (r = .36) and GIR percentage (r = .29) were most strongly related to average score. 
Contrary to the findings of Davidson and Templin and Rotella and Boutcher, Jones found 
that putting was more strongly correlated with scoring average than GIR percentage. 
However, the difference in relation to scoring average between these two predictor 
variables was minimal and, importantly, both were again the major performance 
indicators associated with scoring average.
Although these first three studies produced similar findings, the results from
professional golfer performance analyses have not always been as consistent. For
\
example, Hale and Hale (1990) studied data from the leading money winners on the 
European PGA tour from 1984-1988 including a special analysis using the 1986 Benson 
and Hedges Golfer’s Handbook (BHGH). The BHGH was published inassociation with 
the European PGA tour to provide statistical information for all the money winners as 
well as the top 20 golfers in each performance category in a given year. Hale and Hale 
examined the relationship between performance indicators such as driving distance, 
number of GIR, and so on, and position on the money list over the five seasons. It is 
important to note that prize money was used as the dependent variable because of its 
importance in selecting the Ryder Cup team but it is also important to remember that 
many researchers have avoided using prize money as a dependent variable because of the 
non-normality of its distribution.
That being said, four analyses were conducted. The first was a correlational 
analysis of the top 20 money earners from 1988. The second, also a correlation analysis 
involving prize money earned and the performance statistics, focused on the top 20 
players in each year from the period 1984-1987. The third analysis (which utilized the
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BHGH) focused on the top 20 players in various performance categories (i.e., driving 
distance, driving accuracy, number of GIR, putts per round and sand saves); a correlation 
analysis was conducted comparing these players’ statistics to the amount of money they 
earned. The final analysis examined the top money winners of each season from 1984- 
1988 to examine their ranking in each of the five aforementioned performance categories.
For simplicity’s sake, the first and second analysis were combined and the results 
showed that driving distance was most consistently related to prize money earned in 
1984,1985 and 1986. However, driving accuracy and the number of GIR were both 
strongly associated with prize money earned in 1986, 1988 and 1985,1988 respectively. 
The discrepant results across years were interpreted as possibly showing a trend away 
from distance towards accuracy. The third correlational analysis revealed only one 
significant relationship—being in the top 20 in putts per round and money earned. The 
final analysis revealed no distinct pattern. Hale and Hale suggested that excellence 
(although excellence was never defined) is required in at least two categories to be
number one on the money list. Given that the results generally failed to yield a clear
• \
pattern of relationships between performance categories and prize money earned, Hale 
and Hale concluded that the results were due more to chance than any one or two 
performance categories.
Limitations in the Hale and Hale study—not the least of which is the use of prize 
money as a dependent variable— draw their conclusions into question. One limitation is 
that the first three correlational analyses were carried out with sample sizes of less than 
20 golfers per year (n = 14-20). These sample sizes are considerably smaller than those 
used in previous studies. A second limitation is that occasionally a player in the top 20 in
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prize money was not in the top 50 of a performance category. When that occurred, the 
researchers assigned the player a score of one unit less than the 50th place score in that 
category, regardless of where the player actually finished. Another possibility is that 
these results from the European PGA tour simply suggest that performance is more 
variable in Europe due to different course and weather conditions. However, it is my 
contention that if the same study was conducted with larger sample sizes and scoring 
average as the dependent variable, the results would be more similar to previous studies 
conducted for the U.S. PGA tour (e.g., Davidson & Templin, 1986). Finally, the analysis 
examining only the number one money earner in each of the 1984-1988 seasons and their 
associated position in each performance category (driving distance, driving accuracy, 
GIR, putts per round and sand saves) could be interpreted differently from how Hale and 
Hale presented it. That is, Hale and Hale did not define what they believed excellence 
was in relation to a ranking in a performance category. It would appear that they define 
excellence as being in the top 5 in any particular category. In which case, their statement 
that the leading money winner had to be excellent in at least two performance categories 
would be correct (in 1985 Sandy Lyle was an exception to this generalization). It is
important to note that in any European tour event there are on average 150 players and at
j
season’s end there are over 200 players ranked on the money list and in each performance 
category. Therefore, it is my contention that being positioned within the top 20 golfers 
(i.e., top 10 % of players on tour), in any given performance category should represent 
excellence. Accepting this definition of excellence reveals an important result in the final 
analysis by Hale and Hale; the leading money winner in each year was ranked in the top 
20 (i.e., top 10%) in at least three performance categories.
~\
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This result is not surprising given that other studies (e.g., Wiseman & Chatterjee, 
2006) suggested that to perform well as a professional golfer, especially to be the leading 
money winner for a season, a player must consistently excel in multiple areas of the' -» 
game. These criticisms not only suggest that Hale and Hale’s results be interpreted with 
some caution but also that their results— contrary to their suggestion, agree with other 
studies. Rather than chance determining the top 20 money earner’s, as Hale and Hale 
concluded, a different interpretation of their results shows that shot-making skills in any 
of the five aforementioned performance categories as judged by ranking in each 
performance category is very important to prize money earned. Furthermore, whatever 
variance is not accounted for by shot-making skills could be accounted for by 
psychological factors (Rotella & Boutcher, 1990). Ironically, Hale and Hale suggested 
that the only strong correlation found in their study was between scoring average and 
money earned, which as they said “is a statement of the blindingly obvious” (p. 163). Yet 
they did not use scoring average as a dependent variable in any of their correlational 
analyses, and presumably it could have been added quite easily. All of the above draws
V
into question how the Hale and Hale results might change with a larger sample size and
the inclusion of scoring average as a dependent variable. .....
A number of studies have been conducted since Hale and Hale that sought to 
expand the understanding of the relationship between performance components and 
scoring average and/or money earned. For example, Belkin et al., (1994) examined the 
predictors of scoring average for 180,186,182 players in the 1986,1987 and 1988 PGA 
tour seasons respectively. The results showed that G1R percentage accounted for the 
largest portion of variance in scoring average followed by putts per round, driving
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distance and driving accuracy. All together these performance indicators explained 84% 
of variance in scoring average during the three PGA tour seasons, which was remarkably 
close to the over 80% of variance in scoring average accounted for by Davidson and -- 
Templin.
In another study also reported in 1994, Wiseman, Chatterjee, Wiseman and 
Chatterjee showed that GIR percentage and putting performance accounted for significant 
amounts of variance in scoring average on the Ladies PGA tour, Senior PGA tour and 
U.S. PGA tour during the 1992 season. However, the amount of variance in scoring 
average accounted for on the U.S, PGA tour by the two performance categories was 
lower than in previous studies (e.g., Davidson and Templin, 1986).The authors suggested 
the result was an indication of a decrease in variability of scoring average due to 
increased equality of competition on the PGA tour.
Perhaps the most comprehensive study on the relationship between performance 
categories and scoring average for professional golfers was conducted by Wiseman and 
Chatterjee (2006). They examined PGA tour performance data for the period 1990-2004, 
involving sample sizes that ranged from 179-202 players per year. The performance 
categories assessed included GIR percentage, putts per green in regulation, driving 
accuracy, driving distance and total driving, defined as each player’s average driving 
distance multiplied by their average fairway percentage. The results again showed GIR 
percentage was very strongly correlated with scoring average throughout all years, 
followed by putting and total driving. The regression results also showed that in each of 
the 15 years analyzed, GIR percentage accounted for the most variance in scoring 
average, followed by putts per green in regulation and total driving as a distant third. In
10
fact, the three performance categories explained between 78 % and 87 % of variance in 
scoring average for each of the 15 seasons, with GIR percentage and putting accounting 
for significantly more variance than total driving. It appears that when a large sample size 
is used covering a range of years, GIR percentage and putting consistency best account 
for scoring average.
Despite the high proportion of variance accounted for by both GIR percentage and 
putting skill, approximately 20% of the variance in scoring average remains unexplained. 
Finley & Halsey (2004) attempted to account for some of the unexplained variance by 
including scrambling (scrambling is a measure of the percentage of times a player misses 
the green in regulation but is still able to record a par) and bounce back (bounce back is 
when a golfer records a birdie or better on the hole following a bogey or worse) in 
addition to the traditional performance measures of GIR percentage and so on, when they 
analyzed performance from the 2002 U.S. PGA tour season. Their results showed that 
GIR percentage was once again most strongly correlated with scoring average. 
Interestingly, however, scrambling was the second best predictor of scoring average
j •
followed by driving accuracy, bounce back, putts per round, sand saves and driving 
distance. Finley and Halsey’s regression results showed that all seven variables were able 
to account for 94% of variance in scoring average but that a simpler model involving 
only GIR and putts per round accounted for 92%. Nonetheless, the authors commented 
that both scrambling and bounce back made significant contributions to the regression 
model when they were included and thus should be further examined in future studies.
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Amateur Golf Performance Analysis
Compared to the extensive research in professional golf performance analysis, 
there is comparatively little research on amateur golfers. The reasons for this relative lack 
of research include lack of funding, labour power and technology. Additionally, there is 
reduced appeal to studying golfers of lesser ability. Studies which have been carried out 
have examined whether performance indicators such as GIR percentage or putting also 
predict success for amateur golfers in terms of scoring average.
Riccio (1990) was the first to explore performance statistics in amateur golf using 
data collected on players ranging from Jack Nicklaus in the U.S: Open (i.e., used as a 
baseline) to a 35 handicapper playing on his home course. The purpose of the study was 
to determine which performance categories separated amateurs of different skill levels 
(i.e., shooting in the 70s versus 80s versus 90s). A second purpose was to determine 
which performance categories might differentiate between elite amateurs who compete in 
National championships and professional golfers. Data were collected from over 100
golfers who had completed an average of 8 rounds; the total data set was comprised of
\
over 60,000 shots. Regression results showed that the number of GIR per round 
accounted for 93% of the variance in scoring average for all players. It is important to 
note that Riccio found that putts per round—a factor important in predicting scoring 
average in professional golf—accounted for 34% of the variance in scoring average. This 
latter finding highlights the general importance of putting across the golf spectrum
From his results, Riccio created a profile of the average golfer. He pointed out 
that for a golfer to break 90, 80, or 70, on average, he or she had to hit 3 or more greens 
in regulation; 8 or more greens in regulation or 13 or more greens in regulation.
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Thomas and Over (1994) conducted a performance analysis of amateur golfers 
during a tournament in Australia. The purpose of the study was to explore the 
relationship between performance indicators and golf prowess, defined by a player’s ■- 
handicap rather than round score. In addition, the authors sought to explore whether 
psychological skills including negative cognitions or emotions, mental preparation, 
conservative approach, concentration and striving for maximum distance or psychomotor 
skills including automaticity, putting skill and seeking improvement would explain any 
variance in golf prowess above and beyond traditional performance indicators. There 
were 172 participants in the study ranging from 13 to 74 years old with handicaps 
ranging from 5 to 27. The results agreed with previous findings from both amateur and 
professional golf in that relationships were found between GIR, drives, putts per round 
and sand saves and handicap/golf prowess. Furthermore, a hierarchical regression 
analysis showed that length of drive, putts per round and GIR all made significant and 
approximately equal contributions in explaining roughly 55% of the variance in 
handicap/golf prowess. However, that left approximately 45% of the variance in handicap 
unexplained. 4
In an attempt to explain more variance, Thomas and Over had participants 
respond to questions pertaining to the aforementioned psychomotor and psychological 
skills. Adding psychomotor skills into the regression equation made a significant 
improvement and in addition to shot-making skills explained about 60% of the variance 
in handicap. The addition of psychological skills to the regression equation also made a 
significant improvement and when coupled with psychomotor and shot-making skills, 
explained approximately 67% of the variance in handicap.
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Although the psychomotor and psychological skills did significantly predict 
handicap, which is in line with the Rotella and Boutcher suggestion, the effect was not as 
large as the authors expected. All together, Thomas and Over data confirmed that shot­
making skills such as GIR and putts per round account for a large proportion of variance
C
in golf prowess in amateurs. Interestingly, Thomas and Over also found that driving 
distance accounted for a large proportion of variance in golf prowess but this result 
should be interpreted with caution because it was after-the-fact self-report data.
Both the Riccio and the Thomas and Over studies analyzed data for amateurs with 
a wide range of performance abilities—not elite amateurs. Callan and Thomas (2004) 
addressed this limitation in a study using National Collegiate Athletic Association 
(NCAA) Division I male golfers (n = 93 from 11 universities). Data were collected 
during the 2002-2003 season from Golfstat, a website that computes performance 
indicators for Division I golf tournaments. Correlations were calculated between average 
score and all performance indicators including the percentage of fairways hit, GIR 
percentage, putts per round, putts per green in regulation (GIR putts), sand saves, short 
game (which is identical to scrambling), eagles and the number of rounds played. 
Regression analyses were also conducted using four different models that were 
differentiated on the basis of whether they used putts per round or GIR putts as a putting 
performance indicator and either sand saves or short game as a scrambling performance 
indicator. The correlational results showed a strong relationship between all performance 
indicators and average score, with GIR percentage having the strongest relationship, 
followed by number of rounds, short game, GIR putts, eagles, fairways hit, putts per 
round and sand saves, in that order. The regression analyses showed that the two models
that included putts per round accounted for more variance in average score than the two 
models that included GIR putts.
The conclusion that the models including putts per round accounted for more ' 
variance than the models including GIR putts suggest that putts per round is a more valid 
putting measure and thus should be used in future studies. There was no difference in the 
amount of variance in average score accounted for by using either sand saves or short
game, although short game was a significant contributor in one model. Ultimately, the
) '
regression model of best fit accounted for 90% of the variance in average score, with GIR
. /
percentage being the largest predictor of average score followed by putts per round. Once 
again, whether it is professionals, everyday amateurs, or elite university golfers, hitting 
the ball onto the green in regulation and having a low number of putts per round is 
essential for obtaining a low score.
Although the results from professional and amateur studies align nicely in terms 
of the performance indicators that explain the most variance in average score, an 
important caveat is that the data for professional golfers come from a wide range of 
studies whereas; by comparison, the data for amateur golfers come from relatively few 
studies. Thus, the conclusions from studies with professional golfers have greater validity 
than the results from studies carried out using amateur golfers. An overview of the 
studies reported in this section is presented in Table 1.
Professional versus Amateur Golf Performance Analysis
The samples in the studies reviewed above have focused on either professional or 
amateur golfers exclusively. There has been research in which both amateur and 
professional golfers were examined concurrently. James (2007), for example, carried out
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hole by hole analyses to compare professional and amateur golfers’ scores on par 3, par 4 
and par 5 holes. The amateurs were split into three categories based on handicaps, with 
category 1 being the lowest handicaps and category 3 being the highest. The results 
showed that professional golfers played par 3 and 4 holes slightly over par and par 5 
holes slightly under par. No category of amateur golfer averaged under par for any type 
of hole. However, category 1 amateurs were similar to professionals in that they scored 
better relative to par on par 5 holes than on par 3 and par 4 holes. The trend disappeared 
for category 2 amateurs and actually reversed for category 3 amateurs who scored worse 
the longer the hole was.
It was pointed out previously that on the bases of his analyses Riccio concluded 
that 3 GIR were needed to break 90, 8 GIR were needed to break 80 and 13 GIR were 
needed to break 70. James tested this conclusion using 4 million rounds of golf from a 
national database. The findings closely paralleled those of Riccio. James attributed the 
differences between the results of the two studies to the fact that his data were self-report. 
Furthermore, a detailed analysis of a single golfer followed over a four year period 
showed that although there were some deviations, Riccio’s conclusion about the 
importance of GIR percentage for predicting round score was valid. James suggested that 
multiple performance indicators including GIR and putts per round do have a large and 
important effect on both an amateur and a professional’s average round score
Broadie (2008) extended James’s work in comparing professional and amateurs 
using the computer program Golfmetrics. Although the formulae and concepts involved 
in Golfmetrics are too extensive and detailed to present here, suffice to say that the 
program quantifies the difficulty and quality of each type of shot hit by a golfer relative
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to a scratch or 0 handicap player. Broadie’s results indicated that it is the long game, 
specifically shots from outside of 100 yards that differentiates professional and amateur
i
golfers. As Broadie pointed out, if low handicap amateurs had Tiger Woods hit all their 
putts for a round, they would reduce their score by just over 2 shots per round. However, 
if those same amateurs had Tiger Woods hit all their shots from outside 100 yards, they 
would reduce their score by just over 9 shots per round. (It should be noted that the 
number of shots taken from outside 100 yards during a round is roughly identical to the 
number of putts taken in a round). Broadie’s results lend support to a conclusion that it is 
the long game, represented in terms of GIR or more specifically proximity to the hole that 
differentiates professional golfers from even elite amateur players.
Pelz, Pelz, Evans, and Bracey (2008) set out to directly compare performance 
indicators of amateur golfers’ in a tournament to those of professional golfers on the PGA 
tour. Perhaps the greatest challenge in the Pelz et al. study was to obtain valid data for the 
amateurs. In the case of professionals, the PGA tour calculates numerous performance 
indicators using its ShotLink system; no such system exists for amateurs. To overcome 
this shortcoming, the main author, Dave Pelz, a world renowned golf coach with ties to 
the world’s best players and the PGA tour, arranged for the ShotLink equipment to be 
used on four holes during the 2006 PGA tour Superstore World Amateur Handicap
i
Championship. The four holes were set up to be representative of holes that PGA tour. 
players would typically play and the set up was maintained over all four days as each 
handicap group played the course. The results compared scoring average, driving 
distance, GIR percentage, sand saves, scrambling and putts per round, for each of the 
PGA tour’s best player in 2006, the PGA tour’s average player in 2006, a scratch or 0
2 2
handicap amateur, a low handicap amateur, a medium handicap golfer and a high 
handicap golfer. For the sake of brevity, only the comparisons between the PGA tour’s 
average player in 2006 and a scratch golfer are reported here. The PGA tour average for 
scoring was 71.2 compared to 82.7 for the scratch golfer. It is important to keep in mind 
that the score for the average scratch golfer was adjusted to reflect the difficulty of PGA 
tour tournament courses. The average professional had a driving distance of 280.8 yards 
compared to 245.4 yards for the scratch handicap amateur. The average tour professional 
hit 65.3% of GIR compared to 47.3 % for the scratch golfer. The PGA tour average 
player had a sand save percentage of 49.2% and a scrambling percentage of 57.5% 
compared to a scratch golfer who had a sand save percentage of 19.3% and a scrambling 
percentage of 29.4%. For putts per round, the average tour player had 29.2 compared to 
the scratch golfer who had 33.7. No statistical analysis was undertaken to determine if 
these differences were significant. Nonetheless, the Pelz et al., results clearly indicate 
that professionals are considerably better than even scratch amateurs in every possible
performance category and that these differences should easily account for the scoring
\
average differences. A summary of the studies reported in this section is presented in 
Table 1.
Overview and Statement of Problem
It is clear that there is growing research interest in determining the performance 
indices that help to predict success in both professional and elite amateur golfers.
Associated with that interest has been a research focus on both professional and elite
/
amateurs as a target population but also on whether the same performance indices are 
salient for both. The results from research bearing on the latter issue although beneficial
o
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for the insights that they provide, do suffer from limitations. One general set of 
limitations relates to the lack of comparability of the golf courses from which the data 
have been obtained. Typically, in the case of professional golf, for example, PGA tour 
data are obtained for one or more years and correlations and regressions among the 
performance indices are computed. The courses from which those data are collected are 
widely diverse. In the case of amateur golfers, on the other hand, data are obtained from 
a minimal number of courses; in fact, most often it is the amateur’s home course.
Second, the data selected for comparison purposes are not always for the same number of
V
rounds. In an attempt to overcome these limitations, the data from professional and elite 
amateur golfers was obtained from the two final rounds played on the South Course of 
Angus Glenn Golf Club. In the case of the professionals, the tournament was the 2002 
Canadian Open. In the case of the elite amateurs, the tournament was the 2010 Ontario 
Universities Athletics (OUA) Golf Championship.
There were three general purposes in the present study. The first was to build a 
model to predict scoring average for a combined sample of professional and amateur 
collegiate golfers. The second was to test the model on each subsample of golfers. The
third was to examine the significance in performance differences in the two subsamples.
r "
Given the relatively consistent findings from previous research, one dependent 
and four predictor variables were selected for analysis. The former was scoring average,
i
the latter were driving accuracy percentage, GIR percentage, putts per round and 





Participants included 55 male collegiate golfers representing 11 different 
Canadian Universities and 82 male PGA tour professional golfers. Performance data 
were collected for two rounds (the final two rounds in the case of the professionals, all 
rounds played in the case of the collegiate golfers). As was pointed out above, the venue 
for both sets of golfers was the South Course at Angus Glenn Golf Course in Markham, 
Ontario. The professionals were involved in the 2002 Canadian Open; the collegians in 
the 2010 OUA Golf Championship.
In the case of the collegiate golfers, the data were collected by the OUA in 
combination with the coaching staff from the University of Western Ontario. After 
completion of each competitive round, all players were asked while in the scoring area to 
complete a questionnaire pertaining to their performance on each hole; 14 golfers failed 
to report information for one or both rounds (yielding a response rate of 74.5%). Thus, 
the final sample for purposes of analyses was 41 golfers. The form used to collect the 
data is presented in Appendix A. The form took approximately 5-10 minutes to complete.
Professional golfers’ data were collected by the PGA tour ShotLink system, 
which involves laser range finders and Global Positioning Systems to determine exact 
locations of each shot played by each tour player in every tournament. The data were 
obtained through the PGA tour’s academic data program which has come to be known as 
ShotLink Intelligence Powered by CDW. The data are copyrighted and a condition for
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their use is display of the copyright and the pictorial representation of ShotLink (see 
Figure 1).
Dependent and Predictor Variables
The dependent variable for the study was scoring average. As indicated in Table 
2, scoring average is the average number of shots taken per round. The predictor 
variables included the percentage of fairways hit in regulation, percentage of greens hit in 
regulation, putts per round and scrambling percentage. As shown in Table 2, the 
percentage of greens hit in regulation is the number of greens hit in regulation divided by 
the total number of holes played. For operational definitions of each variable see Table 2.
Statistical Analyses __
Descriptive statistics (i.e., means, standard deviations, Pearson correlations) were 
computed for amateurs and professionals separately as well as for the two samples 
combined. Multiple regression was one general set of analyses undertaken. Previous 
research examining the issue of prediction of scoring average from a list of performance 
indices has used stepwise regression (e.g., Wiseman & Chatterjee, 2006; Callan & 
Thomas, 2004). Tabachnick and Fidell (2007) have suggested that the type of research 
question and sample size should determine which type of regression should be used.
That is, for model building research questions, stepwise regression should be used. For 
research questions testing an established model, a hierarchical multiple regression 
analysis should be used. Both types of analyses were used in the present study—stepwise 
regression to determine if the results generally conformed to previous research and then 
hierarchical multiple regression to test a model for the prediction of scoring average.
INTELLIGENCE
Powered by
Figure 1. The pictorial depiction required for the use of ShotLink data. All professional 
data are from ShotLink Intelligence Powered by CDW and are copyright of the PGA
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Variables Studied and Operational Definitions
Table 2
Variable Operational Definition
Scoring average The average number of shots taken by each 
player to complete 18 holes of a competitive 
golf round -
Percentage of fairways hit in regulation The number of par 4 and par 5 tee shots that 
finished in the fairway (i.e. the lowest cut of 
grass) divided by. the total number of par 4 
and par 5 tee shots
Percentage of greens hit in regulation The number of greens hit in the regulation 
number of shots (i.e. 1 shot for a par 3 ,2  
shots for a par 4 and 3 or fewer shots for a 
par 5) divided by the totaTnumber of holes, 
18
Putts per round The average number of putts per round (i.e., 
the number of shots taken on the greens)
Scrambling percentage The number of times a player was able to 
score a par or better after failing to hit a green 
in regulation divided by the total number of 
greens missed in regulation
• \
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It should be noted that different sample sizes are recommended for each type of 
regression. According to Tabachnick and Fidell, the sample size for multiple and
hierarchical regressions ideally should follow the equation N  > 50 + 8m (where m is'the
( '
number of predictor variables). For the current study, with 4 predictor variables, the 
equation dictates a sample size of 82 participants is desirable. The sample of professional 
golfers met this criterion (n = 82); the sample of collegiate golfers did not (n = 41). Given 
the robustness of the high effect sizes reported in previous studies, this limitation in 
sample size was deemed to be feasible. The performance indices that were found to 
significantly predict scoring average in the stepwise regression were then included in a 
hierarchical multiple regression.
A second general analysis undertaken was a MANOVA. Its purpose was to test 
for differences between professional and amateur golfers in the performance indices as 
well as scoring average. The computer program Statistical Package for the Social 




Descriptive statistics. The descriptive variables for all golfers are presented in 
Table 3. The variables of note include scoring average (M = 72.82, SD = 3.79), GIR 
percentage (M = 70.82, SD = 10.3), putts per round (M = 31.47, SD -  1.92) and 
scrambling percentage (M  = 42, SD = 19.94). On average, all golfers were 0.82 shots 
over par and hit 12.5 greens in regulation (or slightly more than two-thirds of the greens 
per round), had 31.47 putts per round and recorded a par 40% of the time when they 
missed a green in regulation. t
The Pearson product moment correlations for all variables for all golfers are 
presented in Table 4. An examination of Table 4 shows that the bivariate relationships for 
scoring average were with GIR percentage (r = -.773, p  < .001), putts per round (r = .648, 
p  < .001), driving accuracy percentage (r = -.555, p  < .001) and scrambling percentage (r 
= -.510, p <  .001). It should be pointed out here (although the results are not presented 
until later in the present chapter) that the professionals and collegians differed 
significantly on all of performance measures included in the present study. As is also 
discussed in subsequent section of the present chapter, the magnitude of the bivariate 
correlations is lower in the case of both the professional sample and the collegiate sample 
tested independently. It seems likely that the higher correlations obtained for the total
l
sample is to some extent spurious—a product of the significant differences in mean 
absolute values in the two sample. The correlations from Table 4 indicate that for all 
golfers a better scoring average was related to getting the ball onto the green in
29
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Descriptive Statistics fo r  Professionals and Collegians Individually and Total Sample
Table 3
Variable Golfer : N Mean
s td :
Deviation
Score Professional 82 70.66 1.94
Collegiate 41 77.15 2.74
Total 123 72.82 3.79 i.
Driving accuracy Professional 82 76.52% 9.69%
percentage Collegiate 41 61.41% 12.14%
Total 123 71.49% 12.72%
Green in regulation Professional 82 75.24% 7.53%
percentage Collegiate 41 61.99% 9.45%
Total 123 70.82% 10.30%
Putts per round Professional 82 30.74 1.50
Collegiate 41 32.94 1.85
Total 123 31.47 1.92
Scrambling percentage Professional 82 47.23% 19.50%
Collegiate 41 31.55% 16.59%
Total 123 42.00% 19.94%
V <
Note: Professional Data are from ShotLink Intelligence Powered by CDW and are 
Copyright of the PGA Tour.
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Table 4
Pearson Correlations o f all Variables fo r  the Total Sample





Green in regulation 
percentage (3)
-.773*** .529***
Putts per round (4) .648*** -.231** -.116
Scrambling percentage (5) -.510*** .212* .178* -.564***
* p < .05 
*.* pc .01
*** p < .001
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regulation, having a lower number of putts per round, hitting more fairways and having a 
higher scrambling percentage.
Prediction of scoring average. Consistent with the statistical protocol of 
previous studies reviewed in Chapter 1 above (and as was pointed out in the Methods 
section), a stepwise regression was computed. The results are presented in Table 5. The 
analyses revealed that all four performance indicators significantly predicted scoring 
average for all golfers (F  (4, 118) = 351.36, p  < .001). As shown in Table 5, the four 
performance indicators predicted 92 % of the variance in scoring average (adjusted R2= 
.920). Therefore, all four performance indices were included in the model to be tested 
using hierarchical regression with the professional and collegiate samples separately. 
Professional Golfers
Descriptive statistics. For an overview of the performance data for each 
professional golfer see Appendix B. The descriptive statistics for the professional golfers 
are presented in Table 3. The important variables to take note of include scoring average 
(M = IQ.66, SD = 1.94), GIR percentage (M = 75.24, SD = 7.53), putts per round (M = 
30.74, SD = 1.5) and scrambling percentage (M = 47.23, SD = 19.5). On average, the 
professionals were 1.34 shots under par, hit 13.5 greens in regulation (or approximately 
three-quarters of the holes per round), took 30.74 putts per round, and scored a par almost 
50% of the time when they missed the green in regulation
The Pearson product moment correlations among all variables for professional 
golfers are presented in Table 6. An examination of Table 6 shows that the strongest 
bivariate relationships were between scoring average and
i  ■
33
















1 .773a .597 .594 2.42 .597 179.35 .000
2 .955b .913 .911 1.13 .316 435.17 .000
3 .959c .919 .91 7 1.09 .006 9.39 .003
4 .960d .923 .920 1.07 ' .003 4.97 .028
a. Predictors: (Constant), GIR %.
b. Predictors: (Constant), GIR %, Putts Per Round.
c. Predictors: (Constant), GIR %, Putts Per Round, Scrambling %.
d. Predictors: (Constant), GIR %, Putts Per Round, Scrambling %, Driving Accuracy %.
Table 6
Pearson Correlations o f All Variables fo r Professional Golfers





Green in regulation 
percentage (3)
-.608*** .336**
Putts per round (4) .470*** .221* .259*
Scrambling percentage (5) -.323** -.040 -.075 -.396***
* p < .05
** p< .01  
*** p < .001
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GIR percentage (r = -.608, p  < .001), putts per round (r = .470, p  < .001), and scrambling 
percentage (r = -.323, p <  .01). These correlations indicate that a better scoring average 
was related to the professional golfer’s propensity to get the ball onto the green in the 
regulation, have a lower number of putts per round, and have a higher scrambling 
percentage.
Prediction of scoring average. A hierarchical multiple regression was 
computed. Based on the results from the stepwise regression for the total sample reported 
above, the variables were entered in the order of GIR percentage, putts per round, 
scrambling percentage and driving accuracy. The analysis revealed that GIR percentage, 
putts per round and scrambling percentage significantly added explained variance to the 
prediction of scoring average for professional golfers (F  (3,78) = 110.14, p < .001). It is 
important to note that driving accuracy percentage did not add significantly to the 
prediction of scoring average. As Table 7 shows, GIR percentage, putts per round, and 
scrambling percentage accounted for 80% of the variance (adjusted R2 = .802).
However, a more parsimonious model that included only GIR percentage and
\
putts per round also significantly predicted scoring average (F  (2,79) = 151.53, p  < .001) 
accounting for 79% of the variance (adjusted R2 = .788). For professional golfers, getting 
the ball onto the green in the regulation number of shots and having a low number of 
putts are the best predictors of round score.
Collegiate Golfers
Descriptive statistics. For an overview of the performance data for each collegian 
see Appendix C. The descriptive statistics for collegiate golfers are presented in Table 3.
C
Table 7














1 .608a .370 .362 1.55 .370 47.02 .000
2 .891b .793 .788 .89 .423 161.63 .000
3 .899c .809 .802 .86 •°16 ,6.45 .013
4 902d .813 .803 .86 .004 1.64 .204
a. Predictors: (Constant), GIR %.
b. Predictors: (Constant), GIR %, Putts Per Round.
c. Predictors: (Constant), GIR %, Putts Per Round, Scrambling %.
d. Predictors: (Constant), GIR %, Putts Per Round, Scrambling %, Driving Accuracy %.
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The variables to take note of included scoring average (M = 77.15, SD = 2.75), GIR 
percentage (M = 61.99, SD = 9.45), putts per round (M = 32.94, SD = 1.85) and 
scrambling percentage (M = 31.55, SD = 16.59). The collegiate golfers were on average 
5.2 shots over par, hit 11.2 greens in regulation (or slightly less than two-thirds per 
round), had 32.94 putts per round and recorded a par just over 30% (or approximately 2 
out of 7 holes) of the time when they missed the green in regulation. The Pearson product 
moment correlations for all variables for collegiate golfers are presented in Table 8. It is 
apparent that the strongest bivariate relationships were between scoring average and GIR 
percentage (r = -.596,/? < .001), scrambling percentage (r = -.516, p  < .01) and putts per 
round (r -  .372, p  < .05). These correlations indicate that a better scoring average was 
related to the collegiate golfer’s ability to get the ball onto the green in regulation, have a 
higher scrambling percentage and have a lower number of putts per round.
Prediction of scoring average. As was the case with the sample of professional 
golfers, the results from the stepwise regression for the total sample were used as a basis 
to carry out a hierarchical regression (see Table 9). The analyses revealed that three of
- V
the four performance indicators significantly predicted scoring average for collegiate 
golfers (F  (3, 37) = 56.53, p  < .001). As Table 9 shows, GIR percentage, putts per round 
and scrambling percentage predicted 81% of the variance in scoring average (adjusted R2 
~ .806). It is important to note that driving accuracy percentage did not significantly add 
to the prediction of scoring average.
However, a simpler model including only GIR percentage and putts per round 
also significantly predicted scoring average (F (2, 38) = 75.42, p  < .001) while 










Green in regulation 
percentage (3)
-.596*** .217
Putts per round (4) .372* -.046 .401**
Scrambling percentage (5) -.516** .086 -.053 -.620***
* p < .05
** p < .01 
*** p < .001
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Table 9














1 .596a .355 .338 2.23 .355 21.45 .000
2 - .894b .799 .788 1.26 .444 83.83 .000
3 .906° .821 .806 1.21 .022 4.57 .039
4 .906d .821 .801 1.22 .000 .012 .902
a. Predictors: (Constant), GIR %.
b. Predictors: (Constant), GIR %, Putts Per Round. :
c. Predictors: (Constant), GIR %, Putts Per Round, Scrambling %.
d. Predictors: (Constant), GIR %, Putts Per Round, Scrambling %, Driving Accuracy %.
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For collegiate golfers, getting the ball onto the green in the regulation number of shots 
and having a low number of putts are the best predictors of round score.
Comparison of Professionals versus Collegians
Testing for moderators. A hierarchical regression analysis was computed to 
determine if golf status (i.e., professional, collegian) served as a moderator of the 
performance indicator-scoring average relationship. Due to the fact that driving accuracy 
percentage did not contribute significantly to explained variance in scoring average for 
professionals or collegians, it was not included in the moderated hierarchical regression. 
The order of entry into the regression equation consisted of golf status, GIR percentage, 
and the interaction of golf status and GIR percentage. These three variables were 
followed in succession by golf status, putts per round, their interaction, and golf status, 
scrambling percentage and their interaction. The dependent variables of interest from the 
perspective of testing for moderation were the various interaction terms. As Table 10 
displays, the regression results found that golf status (professional versus collegian) did 
not serve as a moderator for the relationship between GIR percentage, putts per round, or 
scrambling percentage and scoring average. In short, for both professionals and 
collegians, scoring average was related to ability to get the ball onto the green in 
regulation, putt once on the green and record a par when a green was missed in 
regulation.
Testing for performance differences. A MANOVA was computed to determine 
if the performance differences between professional and collegiate golfers (see Table 3 
again) were statistically significant. The predictor variable for the MANOVA was golf 
status (i.e., professional, collegian); the dependent variables were scoring average,
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2.24 .655 230.08 .000
2 .883b .780 .776 1.79 .125 67.99 .000
3 .883c .780 .775 1.80 .000 .17 .685
4 .963d .928 .926 1.04 .148 241.91 .000
5 .964e .930 .927 1.03 .002 2.85 .094
6 .967f .935 .932 .99 .005 9.82 .002
7 .968g .936 .932 .99 .001 1.87 .174
a. Predictors: (Constant), Professional Vs Collegian \
b. Predictors: (Constant), Professional Vs Collegian, GIR %.
c. Predictors: (Constant), Professional Vs Collegian, GIR %, GIR Interaction
d. Predictors: (Constant), Professional Vs Collegian, GIR %, GIR Interaction, Putts Per 
Round.
e. Predictors: (Constant), Professional Vs Collegian, GIR %, GIR Interaction, Putts Per 
Round, Putts Per Round Interaction
f. Predictors: (Constant), Professional Vs Collegian, GIR %, GIR Interaction, Putts Per 
Round, Putts Per Round Interaction, Scrambling %.
g. Predictors: (Constant), Professional Vs Collegian, GIR %, GIR Interaction, Putts Per 
Round, Putts Per Round Interaction, Scrambling %, Scrambling % Interaction
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driving accuracy percentage, GIR percentage, putts per round, and scrambling 
percentage.
Pillai’s Trace showed significant differences between the professional and 
collegiate golfers (F  (1, 121) = 49.89, p  < .001). As shown in Table 11, the results found
that the professional golfers were significantly superior to the collegiate golfers on all\
variables tested (i.e., scoring average, F  (1,121) = 230.08, p <  .001; driving accuracy 
percentage, F  (1,121) = 55.95, p  < .001; GIR percentage, F ( l ,  121) = 71.12, p  < .001;, 














Scoring Average 1150.50 1150.50 230.08 .000 .655
GIR % 4795.27 4795.27 71.12 .000 .370
Putts Per Round 132.44 132.44 50.28 .000 .294
Scrambling % 6716.33 6716.33 19.44 .000 .138




There were three general purposes in the present study. The first was to build a: 
model, using stepwise regression, to predict scoring average for the total sample of 
golfers. The second was to test the model independently (using hierarchical regression) 
on the professional and collegiate subsamples. The third was to examine, using a 
MANOVA, the significance in performance differences in the two subsamples.
Given the purposes of the current study, there were five major findings that 
warrant discussion. The first and second pertain to the descriptive statistics (i.e., means 
and correlations) for professional and amateur golfers. The third is the performance 
measures that predicted scoring average for the professional and collegiate samples 
independently; these results were very similar to those reported in prior research. The 
fourth pertains to similarity between professional and collegiate golfers in the specific 
performance measures that predicted scoring average. The fifth pertains to the . 
comparison of professional and collegiate golfers on the various performance measures
V
examined in the present study.
Insofar as one aspect of the first finding to be discussed—the mean values—for the 
final two rounds of the 2002 PGA tour Canadian Open, the professional golfers had a 
scoring average of 70.7, a GIR percentage of 75.2 %, a total of 30.7 putts per round and a 
scrambling percentage of 47.2%. Comparatively, Pelz et al., showed that for the 2006 
U.S. PGA tour, players had on average a score of 71.2, a GIR percentage of 65.3%, a 
total of 29.2 putts per round and a scrambling percentage of 57.5%. These 2006 averages 
should be considered representative of other PGA tour season averages, as Wiseman and 
Chatterjee showed that there was remarkable consistency in the range of performance
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indices from year to year over the 15 year period 1990-2004. Also the Wiseman and 
Chatterjee data from the 2002 U.S. PGA tour showed that season long averages included 
a GIR percentage of 65.6%, which was virtually identical to the 2006 average from Pelz 
et al. The professionals in the current study had a lower scoring average (70.7 vs. 71.2) 
than those in Pelz et al., most likely due to a higher GIR percentage (75.2% vs. 65.3%).
Another aspect of the first finding to be discussed is the mean values for the 
collegiate golfers. The results of the current study showed a scoring average of 77.2, a 
driving accuracy percentage of 61.4%, a GIR percentage of 62.0%, a scrambling 
percentage of 31.6% and 32.9 putts per round. Comparatively, Callan and Thomas in 
their study of NCAA Division I male golfers reported slightly better statistics; namely, a 
scoring average of 75.1, a driving accuracy percentage of 68.0%, a GIR percentage of 
60.5%, a scrambling percentage of 51.4% and 31.0 putts per round. The NCAA •. l ■ 
collegians had a lower scoring average than the OUA collegians (75.1 vs. 77.2) which ' 
appears to be due to the differences in putts per round (31.0 vs. 32.9) and scrambling 
percentage (51.4% vs. 31.6%).
As indicated above, the second major finding that warrants discussion is 
associated with the correlational analyses. For the professional golfers in the present 
study, scoring average was significantly correlated with GIR percentage (r = -.61), 
scrambling percentage (r = -.32) and putts per round (r = .47). Comparatively, Finley and 
Halsey showed that for the 2002 PGA tour season (which is the same year for the data in 
the present study), scoring average was significantly correlated with GIR percentage (r = 
-.73), scrambling percentage (r = -.68) and putts per round (r = .34). Although two of the
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correlations were slightly higher in the Finley and Halsey study, this might reflect the 
larger sample they analyzed.
Another aspect of the second major finding is the relationships among the various 
measures for the collegiate golfers. Moderate size correlations were found between 
scoring average and driving accuracy percentage (r = -.24), GIR percentage (r = -.60), 
putts per round (r = .37) and scrambling percentage (r = -.52). Similarly, for data from 
the NCAA Division I golfers analyzed by Callan and Thomas, moderate size correlations 
were also found between scoring average and driving accuracy percentage (r = -.43), GIR 
percentage (r = -.78), putts per round (r = .36) and scrambling percentage (r = -.61). The 
correlations from the current study match very well in magnitude and direction to those 
from Callan and Thomas.
The professional’s and collegian’s performance measures from the current study 
were very similar to previous studies. Any differences were most likely due to comparing 
season long averages from a multitude of courses (i.e., Pelz et al. 2008; Callan &
Thomas, 2004) with data from two rounds on the same course (i.e., the current study). As
V
such, the results of the present study appear to be very representative of the general 
population of professional and collegiate golfers.
The third set of findings that warrant discussion pertain to the performance 
measures that predicted scoring average for the professional and collegiate samples 
independently; these results were also very similar to those reported in prior research.
The stepwise regression showed that GIR percentage, putts per round, scrambling 
percentage and driving accuracy percentage, in that order, significantly predicted 92% of 
the variance in scoring average. However, the results also showed that GIR percentage
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and putts per round, in that order, could alone account for 91% of the variance in scoring 
average. Thus, a decision was made to test a model for the professionals and collegians 
(individually) that included all four of the aforementioned performance indices with'the 
caveat that most likely GIR percentage and putts per round would provide the most 
parsimonious model explaining a significant portion of variance.
For the professional golfers, the hierarchical regression significantly predicted 
80% of the variance in scoring average from GIR percentage, putts per round and 
scrambling percentage, in that order. It is important to note that driving accuracy 
percentage did not add significant explained variance for scoring average. It is also 
important to report that a model only using GIR percentage and putts per round 
accounted for 79% of the variance in scoring average.
Our results from the regression predicting scoring average for professional golfers 
was highly comparable to the results reported in previous studies. For example, Finley 
and Halsey showed that during the 2002 PGA tour season, the same season as the data 
from the current study, 94% of the variance in scoring average was significantly 
predicted by seven performance indices including GIR percentage, putts per round, 
scrambling percentage and driving accuracy, in that order. Similarly to the results from 
the current study, scrambling percentage in the Finley and Halsey study explained an 
additional 1-2% of the variance in scoring average above and beyond GIR percentage and 
putts per round.
(
For the collegiate golfers, in the hierarchical regression, GIR percentage, putts per 
round, and scrambling percentage (in that order) accounted for 81% of the variance in 
scoring average. It is important to note that driving accuracy percentage did not account
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for any additional variance. It is also important to note that a simpler model with only 
GIR percentage and putts per round was able to account for 79% of the variance in 
scoring average.
Our results from the regression predicting scoring average in collegiate golfers are 
similar to those reported by Callan and Thomas for NCAA collegiate golfers. Callan and 
Thomas found that GIR percentage and putts per round, among other less important 
predictors as parts of two models, accounted for 90% of the variance in scoring average. 
Given that we were able to account for 81 % of the variance in scoring average using 
GIR percentage, putts per round and scrambling percentage, it does seem reasonable to 
conclude our results remarkably similar to those of Callan and Thomas. It is important to 
note that driving accuracy was not a significant predictor in either study. Furthermore, 
scrambling percentage was a significant predictor in one of the models in Callan and 
Thomas, similarly to the current study, suggesting scrambling percentage does add 
significant explained variance of scoring average.
- The bottom line from the regression results of the current study is that GIR
V
percentage and putts per round, in that order, are the best predictors of scoring average 
for professionals and collegians. However, it is important to remember that scrambling 
percentage did add significant explained variance, even if only 1-2%, of scoring average 
for both subsamples. It is these small differences that separate champions from 
contenders in professional and collegiate golf, therefore all three performance indices. 
should be used to predict scoring average in either type of golfer. :
As was pointed out above, a moderated hierarchical regression was computed to 
determine whether an interaction was present among professional versus collegiate
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golfers and the performance measures that predicted scoring average. Given that no 
interaction term added significant variance, it can be concluded that GIR percentage, 
putts per round and scrambling percentage were equal predictors of scoring average for 
professional and collegiate golfers.
The final set of results that warrants discussion pertains to the comparison of 
professional and collegiate golfers on the various performance measures examined in the 
present study. Not surprisingly, the MANOVA results showed that professional golfers 
were statistically superior on all of the measures tested in the present study.
The only previous study that offers an opportunity for comparison is Pelz et al., 
which compared 2006 PGA tour season averages to those of scratch golfers. Pelz et al., 
found a scoring average for the 2006 PGA tour season of 71.2 versus 82.7 for the scratch 
golfers, for a difference of 11.5 shots. Comparatively, the current study found a scoring 
average of 70.7 for the professionals and 77.2 for the collegians, a difference of 6.5 shots. 
The professional data matches quite well but there is a large difference between the
scratch golfer and collegian data. The difference between the collegians and scratch
\
golfers suggests that on average an OUA player is better than a scratch golfer. What is 
clear, of course, is that professionals score better than amateur scratch or even elite 
university golfers.
Pelz et al., found a GIR percentage 65.3% and 47.3% for the 2006 PGA tour 
average and the scratch golfers respectively, for a difference of 18%. Comparatively, in 
the current study, GIR percentages of 75.2% and 62.0% were obtained for the 
professionals and collegians respectively, for a difference of approximately 13%. 
Although the absolute values do not match well, the differences from both studies are
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similar and the smaller difference in GIR percentage from the current study could explain 
part of the lower scoring average for the collegians compared to the scratch golfers.
Pelz et al., found a difference of 4.5 putts per round (29.2 for the 2006 PGA tour 
average vs. 33.7 for scratch golfers); in the current study a difference of 2.2 putts per 
round was found (i.e., 30.7 for the professionals vs. 32.9 for the collegians). The value for 
the two studies were similar and once again suggested that OUA golfers may be better 
than scratch golfers.
In the present study, a difference in scrambling percentage of approximately 16% 
(47.2% vs. 31.6%) was found between professionals and collegians. Comparatively, Pelz 
et al., found a difference of approximately 28% between the 2006 PGA tour average 
(57.5%) and scratch golfers (29.4%). The larger difference from Pelz et al., suggests the 
collegians were slightly better at scrambling than the scratch golfers, especially when 
considering the professionals in the present study had a lower scrambling percentage than 
those from Pelz et al.
Although driving accuracy percentage did not significantly add explained
V
variance in scoring average for either type of golfer, there was a significant difference of 
approximately 15% between professionals (76.5%) and collegians (61.4%) in the current 
study. Comparatively, Pelz et al., found a difference of approximately 14% between the 
2006 PGA tour average (63.5%) and the scratch golfers (49.6%). Although the absolute 
values are not identical, the difference between the professionals and the amateurs in both 
studies is almost identical; suggesting that the comparison is legitimate and that for 
driving accuracy percentage, collegians are roughly equal to scratch golfers.
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Based on the comparisons above, it appears the current data fits quite well with 
the results from the Pelz et al., study. Therefore, the results of the current study should be 
considered a valid and representative comparison of professionals and amateurs (in the
rr . •
present study—collegians).
Professionals were better than collegians in every performance indicator tested, 
which supported Broadie’s conclusions that professionals were better than amateurs in 
every aspect of golf. The question is whether the significant differences found in the 
performance indices in the present study could account for the 6.5 shots lower scoring 
average of professionals compared to collegians. For example, professionals hit 2.3 more 
greens in regulation per round than collegians (a difference of approximately 13%). 
According to Riccio’s model, each additional GIR takes two strokes off the final score 
for that round. Thus, for ease of calculation, the approximately 2 more GIR per round for 
professionals than collegians would account for 4 of the 6.5 shots difference in scoring 
average between the two.
The professionals had 2.2 fewer putts per round than the collegians,, which when 
added to the 4 shots per round accounted for by GIR percentage would account for 6.2 of
t
the 6.5 stroke difference in scoring average between the subsamples. Therefore, from just 
GIR percentage and putts per round we can account for most of the difference in scoring 
average between professionals and collegians, as was suggested earlier by the regression 
results. The remaining 0.3 shots per round would be accounted for by the higher 
scrambling percentage of the professionals compared to the collegians, therefore fully 
accounting for the difference in scoring average between the two subsamples.
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Limitations and Future Studies
There were a number of limitations to the current study that must be
t
acknowledged. The first was the small sample size for the collegiate golfers. The analysis 
was conducted, despite the 41 collegiate golfers being only half of the 82 participants 
recommended for multiple regression (Tabachnick & Fidell), due to the robustness and 
large effect sizes found in previous studies (e.g., Callan & Thomas). However, to ensure 
the collegiate results from the current study are accurate, it would be useful to replicate 
the present study with a sample size that meets recommended standards.
A second potential limitation was the lack of comparability in weather and course 
conditions between the professional and collegiate tournaments. A brief comparison of 
the weather at 2 pm on each day (used in the current study’s analysis) when all players 
would have been on the heart of the golf course in the two tournaments should reveal any 
differences. The final two rounds of the 2002 Canadian Open were held September 7th 
and 8th. The National Climate Data and Information Archive shows that at Buttonville 
Airport (the closest major weather station located approximately 7 km from Angus Glen 
Golf Club) the weather at 2pm on September 7th’ 2002 was 29.6° C under mainly clear 
skies with a South East wind blowing at 9 km/h. The conditions on September 8th at 2pm 
were 32.4° C under mainly clear skies with South South East wind blowing at 6 km/h. 
Comparatively, the two rounds of the 2010 OUA championships were held October 18th 
and 19th. The weather conditions at 2pm on October 18th and 19th respectively were 11.6°
C under mostly cloudy skies with a North West wind blowing at 17 km/h and 12.8° C
)
under mostly cloudy skies with a West wind blowing at 15 km/h.
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What all this means, of course, is that the two tournaments were held under very 
different weather conditions with the OUA collegians playing in more difficult conditions 
with much colder weather with winds blowing almost twice as hard and from the 
opposite direction compared to the PGA professionals. Due to these extreme differences 
in weather, the results from the current study must be interpreted with some caution, 
although the arguably tougher conditions for the collegians might counter what may have 
been a more difficult course set up for the professionals. For example, according to the 
Angus Glen Golf Club website, the South Course played a maximum of 7,407 yards for 
the Canadian Open compared to the maximum of 7,023 yard for the OUA 
championships. The added distance played by the professionals would be countered by 
the increased winds and cold weather (which causes the ball to fly shorter distances) 
played by the collegians, thus off-setting each other and offering a reasonable comparison 
between the two tournaments.
Although the two tournaments were played 8 years apart, there were no official 
changes made to the golf course in that time, increasing the comparability for the 
professionals and collegians (Angus Glen Golf Club). Furthermore, both events were 
tournaments sanctioned by official governing golf bodies; meaning the golf course would 
be in its most challenging condition for both types of golfers. Despite the differences that 
occurred in course and weather conditions, which cause the current study’s findings to be 
interpreted with some caution, the two events should be considered reasonably similar 
because both were played under challenging tournament conditions on the same golf 
course.
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To remedy the potential limitation of course equality, a future study could
■ )
examine professionals and amateurs playing on the same course in the same tournament. 
Although professionals and amateurs rarely play in the same tournament, there are a few 
exceptions; one being the AT&T Pebble Beach National Pro-Am, where the two compete 
side by side in a PGA Tour event. If the data from the amateurs shot were also collected 
by the PGA tour with the use of its ShotLink equipment, a study of the AT&T Pebble 
Beach National Pro-Am would remedy the limitation of different weather/course 
conditions and the limitation of using self-report data that is discussed below.
' A direct comparison of professionals and amateurs performance using ShotLink 
would also allow testing of absolute performance differences between professionals and 
amateurs in different situations on the golf course. For example, how much closer to the 
pin does a professional hit the ball from the rough compared to an amateur? Or how




As suggested above, another potential limitation of the current study was the use
V
of self-report data for the collegiate sample. Self-report data have been criticized in some 
past studies (e.g., James) but without access to ShotLink, as in the Pelz et al., study, it is 
the only way to collect data for non-professional samples. In an attempt to limit problems 
with the self-report data in the current study, the form used to collect the data was 
standardized and included detailed instructions for how it was to be accurately 
completed. The precautions in the present study worked effectively as none of the forms 
were filled out incorrectly and therefore should be used in future studies. However, the 
accuracy of the information could still be in doubt as self-report data. Therefore, future
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studies of amateur golfers should ideally use ShotLink technology to objectively report 
performance data. This is not likely however, due to high cost and low availability. 
Alternatively, future studies could employ independent observers, ideally volunteers,- on 
each hole or with each group to record accurate objective third-party data at less cost.
Another limitation (somewhat related to the use of self-report data) was that 14 
collegians failed to report data for one or both days. The exact reasons for this are not 
clear. Potential causes could include a poor performance which the player did not wish to 
report or a lack of motivation to fill out the form. For example, after the second round 
there were a number of players in the final groups who did not report data because they 
wanted to leave the scoring area immediately to see the remaining members of their 
teams finish. If the majority of non-responders did so due to poor performance the 
collegians data would most likely lack external validity, being biased towards the better 
performers. However, a number of non-responders on the second day actually played 
reasonably well and did not respond for the aforementioned reason. Therefore the non- 
reported poor performances were more than likely balanced by the non-reported good 
performances, suggesting that the data is most likely valid although it should be 
generalized with caution.
The use of only male golfers in the current study was a limitation. Future studies 
should involve women, in order to compare the performance of amateur and professional 
female golfers. Again, the ideal situation would be to have the two categories (i.e., 
professional and amateur) of golfers playing in the same tournament. Additionally, future 
studies could compare the genders directly to understand differences in performance 
between the two.
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Another possible limitation stems from the nature of the two tournaments. The 
collegian tournament involved a team and an individual component whereas the ; 
professional tournament had an individual component only. In team competitions, the. 
optimal strategy is to take fewer risks for maximum team benefit. Comparatively, 
individual competition allows players to use a more risky course strategy as the potential 
risks would only affect the individual rather than the team. The difference in course 
strategy between the team competition of the collegians and the individual competition of 
the professionals could affect the comparability of the performance statistics each type of 
golfer provided. However, it is important to recall that although the collegians were told 
to play more conservatively due to their team competition, it does not mean that any or 
all members of a team played accordingly. Therefore, although the different strategies 
suggested for team and individual competition may reduce the comparability of the 
resulting performance statistics, it is possible that the two types of players actually used 
similar course strategies. To ensure that comparisons of amateur (collegian or otherwise) 
and professional golfers are made where both types of players are using similar course
V
strategies, future studies should compare only individual tournaments. Additionally, a 
future study could compare the resulting performance statistics for a group of collegians 
competing in a team tournament with the same group of collegians competing in an 
individual tournament. Such a study would reveal whether collegiate golfers actually do 
use a more conservative course strategy when playing in team versus individual 
competitions. - .
Aside from the limitations that naturally lead to future studies, a number of other 
avenues for research are suggested. For example, amateur (collegiate or otherwise)
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performance data for both men and women could be collected from multiple provinces in 
Canada and compared. Also, collegiate golfers from different countries around the world 
could be compared. For instance, data could be collected for males and females 
competing at the Canadian University/College Golf championships held annually and 
compared to the NCAA (American Universities and Colleges) national championship. 
The comparison would reveal the state of performance in the two countries, for both 
genders, at the collegiate level.
Finally, the re-interpreted results from Hale and Hale, presented in the 
introduction, suggested that for a player to be the leading prize money winner for a 
season on the European PGA tour, he must be in the top 20 in at least three of five 
performance categories (GIR percentage, putts per round, driving distance, driving 
accuracy and sand saves (replaced by scrambling percentage in future studies)). It would 
be interesting to see if that conclusion held true over a greater number of years on the 
European and U.S PGA tours. Additionally, a comprehensive study of the European PGA 
tour over a period of 15 years, similar to the Wiseman and Chatterjee study for the U.S.
V
PGA tour, would provide valuable insight into differences in performance between the 
two major male professional golf tours.
There are clearly a number of possible avenues for future research. Therefore, it is 
important to continue research into golf performance analysis to create a better 
understanding of the game at the professional and amateur levels, for males and females, 
in North America and around the world.
Conclusions
Within the limitations of the present study, the following conclusions are justified. 
First, GIR percentage, putts per round and scrambling percentage, in that order, explain 
80% and 81% of the variance for the scoring average of professionals and collegians* 
respectively. Second, there is no interaction between type of golfer (i.e., professional vs. 
collegian) and the performance indices that predict scoring average. Finally, professional 
golfers are statistically superior to collegiate golfers in scoring average, GIR percentage, 
putts per round, scrambling percentage and driving accuracy percentage.
Overall, the study provided valuable insight into the performance of all golfers by 
creating and validating a model to predict scoring average. Ultimately, the parsimonious 
model of GIR percentage and putts per round predicted scoring average for all golfers 
extremely well and almost entirely accounted for the difference in scoring average 
between professionals and collegians in the current study. Therefore, all golfers should 
focus on getting as many birdie putts as possible and being a good putter to shoot a low 
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Number of OUA Championships Played:
In the table below, please provide a hole-by-hole record of your performance, including
• Your score
• The fairways hit in regulation (i.e., ball came to rest only on the lowest cut of 
grass; the first cut of rough does not count as a fairway in regulation).
• The greens hit in regulation (i.e., ball came to rest on the putting surface only; the 
fringe of the green does not count as a green in regulation).
• Number of putts taken (i.e., a putt is any stroke made while on the surface of the 
green; a stroke played from the fringe with a putter does not count as a putt).
'x )
• For each time you were in a greenside bunker, put a Y (yes) if you were able to 
get the ball up and down (i.e., get the ball into the hole in 2 shots or less from the 
bunker, regardless of score) or a N (no) if you were not able to get the ball up and 
down (i.e., get the ball into the hole in more than 2 shots from the bunker).
• For each hole that you missed the green in regulation, record in the scrambling 
column a Y (yes) if you scored par or better on the hole or a N (no) if you scored 





* By filling out this form you accept the release of all information on this page as 
public data than can be displayed in a public place such as the OUA website.
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Rollins, John 65.5 89.29% 86.11% 28 50.00%
Ogilvy, Geoff 66 92.86% 91.67% 29 50.00%
Williamson, Jay 67 ° 78.57% 83.33% 29 83.33%
Flesch, Steve 67.5 89.29% 80.56% 30 29.17%
Hart, Dudley 67.5 82.14% 80.56% 29 100.00%
Janzen, Lee 67.5 78.57% 91.67% 31.5 50.00%
Leonard, Justin 67.5 82.14% 75.00% 28.5 65.00%
Chalmers, Greg 68 75.00% 75.00% 29 28.57%
Estes, Bob 68 78.57% 86.11% 29.5 75.00%
Sluman, Jeff 68 78.57% 80.56% 30 45.00%
Perez, Pat 68.5 82.14% , 77.78% 28 50.00%
Senden, John 68.5 89.29% 83.33% 30 50.00%
Singh, Vijay 68.5 57.14% 80.56% 30.5 54.17%
Daly, John 69 64.29% 63.89% 28.5 60.71%
Gow, Paul 69 75.00% 80.56% 31.5 55.00%
Jordan, Pete 69 85.71% 69.44% 27.5 58.93%
Mattiace, Len 69 57.14% 77.78% 30 63.33%
Sauers, Gene 69 82.14% 77.78%. 30.5 62.50%
Baird, Briny 69.5 78.57% 91.67% 32.5 0.00%
Geiberger, Brent 69.5 60.71% 75.00% 30 , 77.50%
Hnatiuk, Glen 69.5 92.86% 72.22% 31.5 75.00%
Kaye, Jonathan 69.5 75.00% 77.78% 31 53.33%
Lancaster, Neal 69.5 75.00% 86.11% 31.5 83.33%
Pappas, Brenden 69.5 64.29% 72.22% 29 66.67%
Browne, Olin 70 82.14% 77.78% 30.5 41.67%
Byrd, Jonathan 70 85.71% 80.56% 32 41.67%
Gillespie, Derek 70 57.14% 75.00% 29.5 60.00%
Stankowski, Paul 70 71.43% 80.56% 30.5 10.00%
Staton, Kenneth 70 85.71% 83.33% 32 37.50%
Tiziani, Mario 70 67.86% 83.33% 32 33.33%
Van Pelt, Bo 70 75.00% 72.22% 28.5 69.05%
Waite, Grant 70 75.00% 86.11% 32.5 25.00%
Weir, Mike 70 78.57% 80.56% 31 75.00%
Willis, Garrett 70 78.57% 72.22% 29 45.24%
Johansson, Per-Ulrik 70.5 78.57% 80.56% 32.5 41.67%
Lardon, Brad 70.5 89.29% 91.67% 32.5 0.00%
Pampling, Rod 70.5 78.57% 77.78% 30 43.33%
Sposa, Mike 70.5 89.29% 72.22% 29.5 58.33%
Tanaka, Hidemichi 70.5 85.71% 77.78% 30.5_ 30.00%
Allan, Steve 71 64.29% 72.22% 30 60.00%
Doohan, Todd 71 60.71% 69.44% 28.5i 46.67%
Edwards, David 71 82.14% 80.56% 31.5 75.00%
Franco, Carlos 71 89.29% 80.56% 33.5 8.33%
Gallagher, Jr., Jim 71 75.00% 77.78% 31.5 71.43%
Gangluff, Stephen 71 71.43% 77.78% 33 36.67%
Jones, Kent 71 75.00% 69.44% 30.5 ' 73.33%
Nobilo, Frank 71 85.71% 77.78% 32.5 36.67%
Scott, Steve 71 85.71% 72.22% 31 29.17%
Smith, Jerry 71 82.14% 77.78% 32.5 37.50%
Andrade, Billy 71.5 64.29% 63.89% 28 54.76%
Austin, Woody 71.5 75.00% 63.89% 28.5 61.90%
Byrum, Tom 71.5 85.71% 80.56% 33.5 ' 58.33%
Freeman, Robin 71.5 64.29% 75.00% 31 , 28.57%
Gogel, Matt 71.5 89.29% 80.56% 32 60.00%
Leggatt, Ian 71.5 71.43% 66.67% 30.5 41.67%
McDowell, Graeme 71.5 85.71% 69.44% 30.5 26.67%
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Morland IV, David 71.5 82.14% 69.44% 31.5 53.57%
Porter, Lee 71.5 78.57% 77.78% : 32 50.00%
Roberts, Loren 71.5 71.43% 77.78% 32 ; 26.67%
Standly, Mike 71.5 67.86% 75.00% 31 ; 45.00%
Zokol, Richard 71.5 71.43% 63.89% 30 55.95%
Cink, Stewart 72 71.43% 63.89% 30 45.83%
Donald, Luke 72 . 67.86% 75.00% 31.5 25.00%
Howell IE, Charles 72 75.00% 69.44% 31 35.00%
Lewis, J.L. 72 71.43% 63.89% 29.5 45.00%
Pemice, Jr., Tom 72 53.57% 75.00% 31.5 32.50%
Christensen, Dave 72.5 64.29% 66.67% 30.5 50.00%
Elder, Brad , 72.5 75.00% 66.67% 29.5 43.75%
Steel, Iain 72.5 75.00% 69.44% 31 _ 73.33%
Bates, Pat 73 78.57% 66.67% 30 50.00%
Begay m , Notah 73 85.71% 75.00% 33 71.43%
Jobe, Brandt 73 78.57% 66.67% 31 20.00%
Parnevik, Jesper 73 78.57% 63.89% 30.5 51.19%
Pavin, Corey 73 85.71% 72.22% 32.5 40.00%
Scherrer, Tom 73 60.71% 55.56% 30 41.67%
Sindelar, Joey 73.5 96.43% 72.22% 34.5 38.10%
Wetterich, Brett 73.5 53.57% 72.22% 31.5 23.81%
Clark n , Michael 74 75.00% 61.11% 30.5 50.00%
Gay, Brian 74 71.43% 63.89% 32 28.75%
Paulson, Carl 74 75.00% 75.00% 31 20.00%
Barr, Dave 74.5 75.00% 72.22% 33.5 30.95%
Gamez, Robert 74.5 85.71% 75.00% 33 20.00%
Note: Professional Data are from ShotLink Intelligence Powered by CDW Data and are 
Copyright of the PGA Tour.
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Rank, Garrett 72.5 92.86% 75.00% 33.5 60.00%
Hall, Johnny 73 67.86% 72.22% 31.5 30.95%
Persaud, Richard 73 57.14% 58.33% 29 63.89%
Murray, Brett 73.5 53.57% 75.00% 32.5 57.50%
Pattenaude, Eric 73.5 82.14% 72.22% 32.5 43.75%
Fitzsimmons, Charles 74 - 71.43% 75.00% 33 58.33%
Ayotte, Michael 74 67.86% 77.78% 34.5 16.67%
Hemmerich, Chris 74.5 . 64.29% 55.56% 30.5 30.95%
Wilson, Adam 75 53.57% 58.33% 30.5 25.00%
Gibson, Jack 75 60.71% 66.67% 33.5 34.29%
Bishop, Jacob 75 64.29% 61.11% 30.5 43.75%
Abbis-Mills, Bowie 75.5 50.00% 66.67% 33.5 43.75%
Killeleagh, Bryan 75.5 71.43% 66.67% 32 14.29%
Bowie, Russel 75.5 53.57% 55.56% 31.5 43.65%
Clark, Ryan 75.5 60.71% 72.22% 33 41.67%
Welsh, Mark 76 53.57% 61.11% 34 28.57%
Fulton, Cole 76.5 60.71% 55.56% 29.5 43.75%
Gabel, Greg 76.5 57.14% 61.11% 32 35.71%
Mustard, Robert 76.5 50.00% 52.78% 30 ■ 55.71%
Howie, Taylor 76.5 42.86% 80.56% 36 0.00%
Miehe, Tyler 76.5 60.71% 75.00% 35.5 16.67%
Kremer, Luke 77 75.00% 55.56% 32 ■ 43.65%
Thomley, Patrick 77 64.29% 61.11% 34 41.11%
Farronato, Matthew 77.5 78.57% 63.89% 32.5 29.17%
Vujacic, Marcus 78 53.57% 66.67% 35 25.00%
Clark, Nick 78 53.57% 63.89% 33 22.50%
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Nowack, Ryan 78 71.43% 58.33% 34 30.00%
Decker, Brian 78.5 60.71% 61.11% 33 35.42%
Mackay, Russel 78.5 42.86% 52.78% 31 47.22%
Wong, Spencer 79 82.14% 66.67% 35 18.75%
Knapp, Steven 79 57.14% 63.89% 35 0.00%
Doyle, Brennan 79.5 64.29% 63.89% 33 15.48%
West, Gray 79.5 53.57% 61.11% 36 7.14%
Neufeld, Bobby 80 35.71% 47.22% 33 32.22%
Cardin, Andrew 80.5 57.14% 52.78%.. 33.5 40.71%
Holek, Dayne 80.5 64.29% 52.78% 34 15.00%
Deighan, Brent 81.5 78.57% 55.56% 35 ' 7.14%
DeVroome, Justin 81.5 60.71% 38.89% 31 45.83%
McCracken, Robert 81.5 75.00% 52.78% 32 18.06%
Rudkins, Ben 82 53.57% 41.67% 33 ... 13.64%
Montgomery, Chris 82.5 39.29% 66.67% 37 16.67%
